Prediction of traffic congestion is one of the core issues in the realization of smart traffic. Accurate prediction depends on understanding of interactions and correlations between different city locations. While many methods merely consider the spatio-temporal correlation between two locations, here we propose a new approach of capturing the correlation network in a city based on realtime traffic data. We use the weighted degree and the impact distance as the two major measures to identify the most influential locations. A road segment with larger weighted degree or larger impact distance suggests that its traffic flow can strongly influence neighboring road sections driven by the congestion propagation. Using these indices, we find that the statistical properties of the identified correlation network is stable in different time periods during a day, including morning rush hours, evening rush hours, and the afternoon normal time respectively. Our work provides a new framework for assessing interactions between different local traffic flows. The captured correlation network between different locations might facilitate future studies on predicting and controlling the traffic flows.
Introduction
Urban traffic system is among the most important critical infrastructures in modern cities. In large cities, people are experiencing traffic congestions frequently, which strongly impacts the efficiency and other wellfares of the commuters. Large congestions are the results of flow interaction between different sites in road networks [1] . Therefore, it is a critical and urgent issue to identify the critical road sections with large influence on others.
In fact, previous studies have proposed different methods to capture the critical road sections in different types of transportation networks. Many studies considered assessing road criticality and system reliability using system-based approaches [2] [3] [4] [5] [6] [7] [8] [9] [10] [11] [12] . For example, Jenelius et al. quantified the road importance in northern Sweden by considering the increase in a generalized travel cost, and the unsatisfied demand, as measurements of the impact of each road's failure [3] . Another importance measurement based on the reciprocals of the travel costs was developed by Nagurney and Qiang [4, 5] . Balijepalli and Oppong compared some widely-used vulnerability indices on urban road networks, and proposed a new measurement of road criticality that is more appropriate for urban areas [6] . On the other hand, many researchers focused in recent years on topological approaches from graph theory and network science [13] [14] [15] [16] [17] [18] [19] [20] [21] [22] [23] [24] [25] [26] [27] . For example, Demšar et al. studied the road network of Helsinki, Finland, and suggested that the cut links and links with high betweenness values tend to be the critical roads in the network [15] . Li et al. also considered the percolation process on Beijing road dynamic network, and identified bottleneck roads that play a critical role in connecting different functional clusters [21, 22, 27] .
The above approaches have been proposed to assess the criticality of road links on the reliability and resilience [28] of road networks. To understand the critical effect on traffic reliability, it is essential to further explore the hidden dependency relation between different components of traffic system. In fact, dependency relations are known to exist in many types of realistic systems, such as financial [29] [30] [31] [32] [33] , climate [34] [35] [36] [37] [38] [39] [40] [41] [42] , and biological systems [43] [44] [45] [46] [47] [48] , which can be captured by the correlation network approaches with similarity measures like correlation coefficients. Dependencies within and between critical infrastructure systems, such as communication networks, transportation networks, and power grid, have also been explored, since they can result in cascading failures across different networks [49] [50] [51] [52] [53] . Therefore, the strength and range of dependency relations (or failure correlations) of each road section in the transportation network can be regarded as an important measure representing road criticality.
In this work, we investigate the road criticality in urban traffic by identifying correlation networks. This approach could help to capture the road sections that are important in understanding and predicting traffic flow propagation. We consider road velocity data with one minute resolution for each road within the 4th Ring of Beijing. In this study, we focus on 3 time periods of 5 weekdays in 2015: Rush Hour 1 (RH1, 6:30-9:30), Normal Time 1 (NT1, 13:00-16:00), and Rush Hour 2 (RH2, 17:00-20:00). For each time period, we combine the 3-hour records from the 5 days, and then we remove the linear and daily trends from each record (see Methods). For each pair of road sections (here called "nodes"), we use the normalized maximal cross-correlation as the measure of link strength (link weight) [34] . To identify significant links, we compare the link weights with temporally reshuffled records. In this way, the significant correlations between the records can be identifid (for more details, see Methods). Here, we only track those links with significantly larger link weights than the shuffled case.
We then investigate the structural properties of the correlation networks in the three considered periods. We find that the statistical properties of correlation networks is rather stable during RH1, NT1, and RH2, but the topology of the networks are different. Meanwhile, we have identified the specific subsets of nodes (road sections) that have the largest weighted degrees or the largest average impact distances in each period. These road sections can be regarded as the most influential components in the traffic flow propagation.
These critical nodes are distributed significantly differently in the three stages. The results for 5 weekend days are also shown for comparison (see Figs. S1-S7 in the Additional file 1). Using this framework, we can capture and quantify the hidden dependency relations in different stages, which may help to design early warning signals for large events.
The identified critical road segments are the potential targets for the future traffic control and congestion mitigation.
Datasets and methods

Datasets
In this work, we use the velocity data in Beijing, China. The traffic dataset is recorded from floating cars in the directed road network of Beijing. Altogether, there are over 27,000 intersections and 52,000 road sections within the 5th Ring Road of Beijing. The velocity data covers real-time speed records of roads for each day with resolution of 1 minute.
We mainly focus on the major road sections within the 4th Ring Roads. In the dataset, the road grades are classified as integers from 0 to 6. Here, level "0" means unclassified road sections; the integers from "1" to "6" are used for intercity highways, city expressways, arterial roads, minor arterial roads, branch ways, and other roads, respectively. We only consider road sections with levels "1" to "3", in order to reduce the computational complexity. In this way, we mainly focus on traffic flow and congestion propagations in the major roads of Beijing. All the N = 4530 considered road sections (also called "nodes") within the 4th Ring Roads are shown in Fig. 1 (red lines). Note that each road section has its direction, from a starting point to an end point. In many cases, the two directions on the same road correspond to different road sections, as seen in Fig. 1 . All the road sections in both directions in a local region with two major roads ("Fuchengmen Outer St. " and "W. 2nd Ring Rd. ") can be seen in the right panel of Note that the dataset includes missing data caused by data scarcity at some time points. To deal with this issue, we apply the following approach of interpolation: for each road section with no available data at a certain time, its velocity is defined as the average over all of its neighboring road sections, having the same direction, at that time. By repeating this procedure, we can finally obtain a complete velocity data. In fact, only a small fraction of time series need to be supplemented in the three considered time periods. For example, Based on the obtained complete velocity data, we select the following three periods of time.
Rush Hour 1 (RH1): The morning rush hour from 6:30 to 9:30. Normal Time 1 (NT1): The normal time from 13:00 to 16:00.
Rush Hour 2 (RH2):
The evening rush hour from 17:00 to 20:00. For each of these three periods, we collect the corresponding 3-hour time series (with length 180 minutes) from each of the 5 weekdays, and we combine them into one time series with total length, L = 180 × 5 = 900 (minutes). We denote these records asS * i (t), where i = 1, . . . N and t = 1, . . . , L.
Methods
Data preprocessing
In order to identify the correlation network from the velocity records prepared in the previous subsection, we need to remove the linear and the daily trends from the time series of each node (road section), since they may produce biased correlations. For example, if both time series include similar daily periodic behavior, or they have strong linear trends (representing possible spurious effects due to the increase of traffic demand and other factors), their correlation can be very large, which is artifact and should be avoided. To eliminate the impact of these trends, we first perform a linear regression for each time seriesS * i (t) (i = 1, 2, . . . , N ), and obtain its linear trend, a i t + b i , t = 1, 2, . . . , L. Then the linear trend is removed byS i (t) =S * i (t) -(a i t + b i ). Next, we remove the daily trends in the following way. We denote the time series of each node i after removing the linear trend asS 
. We rewrite the filtered time series as S i (t), i = 1, . . . , N , t = 1, . . . , L. We will use this new dataset to construct traffic correlation networks.
Traffic correlation network inference
In order to capture the interactions between road sections with consideration of time lags, here we apply a network inference approach based on cross-correlation. The detailed procedure of constructing traffic correlation networks is as follows.
For each pair of nodes (road sections) i and j, we calculate the cross-correlation function X i,j (τ ) between the two time series, S i (t) and S j (t), where τ = -τ max , . . . , τ max represents the time lag. Here, for τ ≥ 0, X i,j (τ ) is defined by
whereS i andS j are the average of S i (t) and S j (t + τ ) over the time period t = 1, . . . , L -τ . And for τ < 0, X i,j (τ ) = X j,i (-τ ). We use τ max = 150 (minutes) in this work. Regarding the choice of τ max , we consider that τ max should be large enough to capture enough information in the 
, and the time delay of this link, τ pos i,j , is defined as the value of τ where the cross-correlation function X i,j (τ ) reaches its maximum. Here max(X i,j (τ )), mean(X i,j (τ )) and std(X i,j (τ )) are the maximum value, mean value, and the standard deviation of the cross-correlation function X i,j (τ ) respectively in the range of τ = -τ max , . . . , τ max . Note that the definition of link weights and time delays used in this work are expected to identify the potential interactions among road sections, especially the propagation of congestion events. Here, if the peak correlation value is significantly larger than correlations at other τ values, W pos i,j tends to be large; otherwise, W pos i,j will be small. Based on our experience in handling time series of complex systems, including climate and biology, correlation links with large W pos i,j can well capture the significant impacts and filter out the environmental noise. This definition of link weights reduces the impact of autocorrelations in the time series on cross-correlation. Consider that we have removed the linear and the daily trends from each time series in this work. Therefore, the obtained strong cross-correlations are expected to well reflect inherent interactions between road segments, caused by propagation of traffic congestions. In some previous works about traffic systems, correlation-based approaches have been also applied for measuring interactions between traffic system components [54] [55] [56] [57] [58] [59] [60] . The link illustrated in Fig. 2 we can find that most of the strong links have small time delay |τ pos i,j | ≤ 2 minutes, which is rarely influenced by state comparison of different days. Therefore, these links reflect the correlations of fast interaction in the same day, and the comparison between different days can be ignored in this work.
Finally, for each two nodes i and j, we define their distance D i,j as the smaller one of the great circle distance between the ending point of node i and the starting point of node j, and that between the ending point of node j and the starting point of node i. In this way, if i and j are neighboring road sections in the same direction, their distance will be D i,j = 0, independent of road segment lengths. Note that under this definition of distance, sometimes two parallel road sections may have very short distance, although they are not so close along the traffic paths. However, we argue that two parallel roads could compensate each other in the traffic flow, which makes it reasonable to consider they are "close". Therefore, this issue does not impact our results.
Shuffling procedure
In this work, we test the significance of all link weights by comparing with the surrogate (shuffled) sample. Therefore, we perform the following shuffling procedure to generate correlation networks in the surrogate case.
For each pair of nodes i and j, we randomly shuffle the two time series S i (t) and S j (t) independently with hourly intervals. All the 15 hours of each time series are shuffled. In this way, the variation within each hour has been kept. Then we calculate the link weight and the time delay of this link again. In this way, we finally obtain another correlation network, with the link weights and time delay values in the shuffled case.
In Fig. 3 , we compare all the link weights W pos i,j in the original and shuffled correlation networks for the considered three time periods. For example, Fig. 3(a) shows W network. Figure 3(b) , (c) shows the same as Fig. 3(a) but for NT1 and RH2. According to these figures, we set the thresholds for these two periods: W min = 4.2 and D max = 0.86 for NT1; W min = 4.3 and D max = 0.60 for RH2. Based on these thresholds, we can obtain the final correlation networks for RH1, NT1, and RH2, respectively.
Results
Weighted degree measurement
Based on the Beijing road speed records and the approach of constructing correlation networks introduced in the previous section, we can obtain a weighted network of significantly strong correlation relations. In this subsection, we use the weighted degree of nodes as a measure of road influence. Here, we consider the above mentioned thresholds W min for the link weight, and D max for the link distance. Note that the calculated link weights are impacted by the physical proximity of nodes. According to our results, most significantly strong correlation links are found to be between neighbors or the 2nd/3rd neighbors in the road networks. This reflects the nature of road networks, where the traffic flow on a road section tends to strongly influence its neighboring road sections first. On the other hand, strong links between neighboring nodes are a bit trivial. Therefore, we further consider only links with distance D i,j ≥ 0.1 kms, and the absolute time delay |τ pos i,j | ≤ 10 (minutes). In this way, we exclude the trivial links with very small link lengths and suspected links that with impacts longer than 10 minutes. This will also reduce the artificial strong correlation between neighboring nodes caused by the data compensation. After that, we calculate the weighted degree of each node as the sum of its link weights with its neighboring nodes. The definition of weighted degree includes both the number of connections and their strengths. Therefore, it can be well applied to quantify the impact of specific nodes in the urban traffic. We will capture the nodes with the largest weighted degrees, as well as the major differences between the three considered periods. Figure 4 shows the distribution of weighted degrees in the considered three periods of time. First, Fig. 4(a), (b) shows the distribution of degree and weighted degree values in RH1, NT1 and RH2, respectively. We find that the (weighted) degree distribution is approximately exponential for different stages. The three periods of time are similar in their (weighted) degree distributions. Note, however, that RH1 and NT1 have longer tails compared to RH2. Figure 4(c) shows the distribution of the link weights W pos i,j among the above mentioned subset of links. We find that the link weight values also exhibit exponential distributions, and the decay is faster at around W pos i,j = 8 in all three time periods. According to Fig. 4(a)-(c) , the statistical structure of the correlation network is quite stable over the three considered periods.
The relations between weighted degrees of nodes in different time periods are shown in Fig. 4(d)-(f ) . We find that a large fraction of links still have significant differences in their weighted degree during different periods, while the Pearson correlation between different periods for the whole set is not small. Later we will point out the specific subsets of nodes that are stable in different periods of time. Figure 5 further shows the distribution of link lengths in RH1, NT1 and RH2. We find that the link lengths also have an approximately exponential distribution. Note that RH1 and NT1 have slightly longer links (longer than 0.6 km) compared with RH2. Therefore, roads in RH2 have shorter influence distance than RH1 and NT1.
In Fig. 6(a) -(c), we present the hub nodes that have the 20% largest weighted degree values in each of the three periods. The 223 nodes with the largest weighted degrees in traffic (e.g. around Beijing West Station). If one hub node has a congestion event, it tends to propagate to other nodes through the identified strong correlation links.
According to these figures, only a small fraction of nodes (road sections) have very large degrees in both RH1 and NT1/RH2. The overlapping hub nodes in all the three periods include "W. 3rd Ring Rd. N. (south to north)" as well as "E. 3rd Ring Rd. Middle (north to south)". We also illustrate an example of nodes with the 20% largest weighted degree values in RH1 in Fig. 6(d) (red segment, along "W. 4th Ring Rd. Middle (north to south)"). This road section has 6 significant links with other road sections in RH1, and it has a weighted degree value of 38.1. The road sections captured here have more and stronger interactions with other nodes, and they may play the most active roles in influencing (or being influenced by) other road sections.
To determine the major differences in the weighted degree of nodes between rush hours and normal time, Fig. 7 shows the specific road sections having the largest differences between RH1/2 and NT1 using heat maps. More specifically, Fig. 7(a) shows the locations of 465 nodes in RH1 that have more than 4 times larger weighted degrees than NT1. larger weighted degrees than RH1. These are the most dominant differences between RH1 and NT1 in the weighted degree nodes. As illustrated here, some roads including "S. 3rd
Ring Rd. W. " and "E. 4th Ring Rd. S. " are much more influential in RH1 than in NT1. And more roads in the northwest quarter of the selected central region of Beijing are found to be much more influential in NT1 than in RH1. Similarly to Fig. 7(a), (b), Fig. 7(c), (d) compares RH2 and NT1, while Fig. 7(e) , (f ) compares RH2 and RH1. Note that in RH2 there are fewer strong links and large weighted degrees compared to RH1 and NT1, here Finally, we compare the weighted degree value of each node with the average road speed of this node over the considered time period. To this end, we show in Fig. 8 the scatter plot of the mean speed (in km · h -1 ) and the weighted degree of the road. We find that in all three considered time periods, the largest weighted degrees are surprisingly not the slowest roads nor the fastest but correspond to intermediate road speeds around 30-40 km · h -1 ; while the road sections with the highest or the lowest speeds have smaller weighted degrees. Thus, the fastest and the most congested roads are not necessarily the most influential. We will discuss a possible reason for this in the next subsection.
Average impact distance measurement
In this subsection, we concentrate on another property of the considered nodes (road sections): the mean impact distance, defined as the average length of each node's correlation links. Different from the impact strength, the impact distance is another critical issue in evaluating the influential range of different single nodes (road sections). Here, for each node we calculate the average link length (D i,j ) over all of its selected significant links as in the previous subsection as a measure for the impact distance. We first show the distribution of the mean impact distance in road sections during the three periods in Fig. 9(a) . RH1 and NT1 show also here larger values of impact distances than RH2, similar to Fig. 5 . Moreover, Fig. 9(b)-(d) shows the scatter plot of the mean impact distance values in different periods. According to these figures, the influence range of a given road section seems highly positively correlated in different periods. The Pearson's correlations of these three cases are 0.7463, 0.6926, and 0.6402, respectively, and are higher compared to the weighted degrees correlations (see Fig. 4(d)-(f ) ). Similar to Fig. 6(a)-(c) , Fig. 10(a)-(c) shows the road sections having the 20% largest mean impact distance values in the considered three time periods. For example, Fig. 10(a), (b) shows the 20% roads of largest mean impact distance in RH1 and NT1 (green and yellow lines), with 77 overlapping nodes (red lines). Note that the percentages of the overlapping nodes among the selected 223 and 227 nodes in RH1 and NT1 are 34.53% and 33.92%, respectively. Figure 10 (c) further shows the 20% largest mean impact distance in RH2 (yellow lines), with 32 overlapping nodes with RH1 (red lines). The percentage of the overlapping nodes among the 116 selected nodes is 27.59%. As shown here, the major nodes with the Rd. (east to west)", "S. 4th Ring Rd. W. (both directions)", and "S12 Airport Expy (north to south)" tend to have the largest mean impact distances. Finally, in RH2, the major largest mean impact distance roads are "Lianhuachi W./E. Rd. (west to east)" and "W. 4th Ring Rd. S. (south to north)". Similar to some hub nodes presented in the previous subsection, some of these roads correspond to locations with heavy traffic. Here, if one node with the largest mean impact distance has been congested, it tends to impact more nodes within longer range. Several typical nodes with the largest mean impact distances in all these periods are "N. 4th Ring Rd. W. ", "S. 3rd Ring Rd. W. ", and "Landianchang S. Rd. ". These road sections can therefore impact (or be impacted by) more nodes within longer range during both rush hour and normal time.
In Fig. 11(a) -(c), we show the relation between the impact distance and the mean road velocity (in km · h -1 ) over the considered time period. Here we find that larger mean impact distances may correspond to faster road sections in certain periods. Finally, Fig. 12(a)-(c) shows the relations between the impact distance and the weighted degree in different time periods. We find that the largest weighted degrees correspond to intermediate mean impact distance values. Recall that Fig. 8(a)-(c) shows that the largest weighted degrees also correspond to intermediate mean road velocities. Therefore, these three figures illustrate consistent results. One possible reason for these phenomena is that a strong 
Discussion
Understanding urban traffic in large cities like Beijing is critical since congestion events frequently happen and impact the operational reliability in both the local regions and the entire system. Therefore, it is important to understand the influence of roads on other roads, i.e. how the change of traffic condition propagates. This could provide useful guidance for designing early warning signals for the formation of large congestions. In this direction, one important step is to reveal the existing dependency relations between different road sections in the city, and to assess their criticality according to the captured dependencies. In principle, these dependencies are caused by propagations of traffic flow. Finding these dependencies can tell us which road sections to adjust when we wish to influence the other roads.
In this work, we developed a traffic network approach and identified the correlation network from realtime traffic data of Beijing traffic. We consider three time periods (morning/evening rush hours and afternoon normal time) during 5 weekdays. We successfully capture the significantly strong correlations between road sections within the 4th Ring region, for each considered time period. We find that the significant links usually have only lengths smaller than approximately 0.9 kms. More importantly, the road sections with the highest weighted degree or the largest mean impact distance have been identified. These most influential road sections can be related to different possible reasons, such as the density of intersections, the road capacity, and the land use around the road. The effects of these factors are embedded in the correlation information we found. A road section may have a larger weighted degree, caused by its bottleneck effect. We will study these valuable issues in future works.
The identified road sections and correlations are very important in the prediction of local congestion and its outcome. For example, after a traffic incident happens on a road section, it is necessary to predict the range that the congestion may spread and estimate the corresponding risks. It is expected that the correlation network can provide support for predicting the onset of traffic congestion. For example, if there are correlations among several road sections, it is assumed that congestion may propagate through these road sections, rather than the weak correlation region. In some studies, it has been shown that the temporal/spatial correlations between traffic system components can help to improve the prediction in traffic systems [56] [57] [58] [59] [60] . For example, Min and Wynter proposed the "Multivariate Spatial-Temporal Auto-Regressive Moving Average (MSTARMA) model, where spatio-temporal correlations have been considered, and they performed real-time traffic prediction for up to 1 hour in advance [59] . Pan et al. introduced spatio-temporal correlations into the stochastic cell transmission model (SCTM), and applied their model to short-term traffic state prediction [60] . In these works, e.g. in [59] , spatial correlations are correlations between different nodes at a fixed time point over different days, and temporal correlations are correlations between two time points for the same node over different days. Compared to these previous measures, our approach considers the correlation strength between two road sections over time, and their time lag, altogether. Specially, we explore the correlation relation as a network, and calculate some structural properties of the correlation network. Therefore, we believe that our study will help to develop new prediction methods in the future study. In summary, our findings can provide insights for better understanding complex urban transportation systems, and could facilitate future studies on predicting and controlling extreme jam propagations. The identified correlation network can also help to divide the city into different influential regions. Given the importance of identifying and controlling the macroscopic fundamental diagram (MFD) curves [61] [62] [63] [64] , division based on correlation networks may produce possible alternative solutions for optimizing the MFD.
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